Using a Markov regime switching model, this article presents evidence on the well-known January effect on stock returns. The specification allows a distinction to be drawn between two regimes, one with high volatility and other with low volatility. We obtain a time-varying January effect that is, in general, positive and significant in both volatility regimes. However, this effect is larger in the high volatility regime. In sharp contrast with most previous literature we find two major results: i) the January effect exists for all size portfolios. ii) the negative correlation between the magnitude of the January effect and the size of portfolios fails across volatility regimes. Moreover, our evidence supports a decline in the January effect for all size portfolios except the smallest, for which it is even larger.
Introduction
It is widely known in empirical finance that stock returns can undergo seasonality patterns. At daily frequency, the best known are the day-ofthe-week and macroeconomic-announcement effects. At monthly level, the January effect has become the most widely studied. Since the seminal work of Rozeff and Kinney (1976) many articles have tested the statistical significance of this effect or have tried to explain why stock returns are abnormally larger in January. The early articles of Keim (1983) , Reinganum (1983) and Roll (1983) , using US data, found that the January effect exists primarily for small stocks.
Among the explanations of the January, the most popular one is the tax-loss selling hypothesis. Chen and Singal (2004) present a comprehensive study of several explanations and find evidence in favor of the tax-loss selling hypothesis and little or no evidence for the other hypothesis. By contrast, Kim (2006) constructs a common risk factor related to information uncertainty caused by earnings volatility and claims to have found an improvement in explaining the abnormal returns in January; and Choudhry (2001), using pre-World war data, shows that non-tax factors may be responsible for the January effect. Although most evidence supports the tax-loss selling hypothesis the discussion remains open.
The January effect seems to be a worldwide phenomenon. Although most of the evidence gathered is for the US stock market, there are many articles analyzing the effect elsewhere. Bergs et al. The January effect has also become important since that it can be used as a predictor of the returns over the following 11 months, which is called the "other January effect" by Cooper et al. (2006) . They show that January returns have predictive power for market returns over the next 11 months of the year even after controlling for macroeconomic business cycles variables, the Presidential Cycle and investor sentiment. They also find that the "other January effect" persists among both large and small capitalization stocks and among both value and growth stocks.
This article revises the statistical significance of the January effect using a Markov switching model a la Hamilton (1989) , which allows us to account for different volatility regimes. We propose a time-varying January effect for size portfolios. Chien et al. (2002) warn of the use of the dummy variable approach with constant variance since the estimators could be upward biased. Therefore, the Markov switching approach allows such drawbacks to be overcome.
Little analysis has been conducted considering different volatility regimes of stock returns and the January effect. Chia-Shang et al. (2004) used a Markov switching approach and found no evidence of the January effect for the return of the market portfolio. However, they do find evidence for returns on low capitalization stock portfolios. They fail in that they do not account for the dummy variable for January months, as commonly used in literature, and do not carry out formal inferences. Our model is much richer since that estimations for size portfolios are controlled for the three factors of French (1993,1996) . In fact, our specification allow us to determine that one part of the January effect on size portfolios accrues through those factors.
Consistently with previous literature, our results show that the January effect is in general positive. Furthermore, it is exists for all size portfolios by contrast with most previous evidence that relates the January effect with small size portfolios. We have also found that the negative correlation between the magnitude of the January effect and the size of portfolios is not fulfilled across volatility regimes. Therefore, our proposal could be interesting for practitioners since that those are major results to be taken into account for portfolio decision making.
Yanxiang Gu (2003) and Marquering et al. (2006) show that there is a decline in the January effect. Our time-varying approach supports a decline in the January effect, albeit one that is not so noticeable as they claimed.
The rest of the article is organized as follows. Section 2 presents the formal econometric model, Section 3 shows the data and the main results, and we give some conclusions in Section 4.
The Econometric Model
Denote high (low) volatility regimes by h (l) and consider the simple two regime Markov switching model à la Hamilton (1989) ,
Where r it is the return on i stock in the t period, µ
is the conditional probability of being in regimen h (l) and ε it is a iid disturbance. The conditional means can be written as follows
Where D t is a dummy variable that takes the value of one in January and zero otherwise, F t is a vector containing the three factors of French (1993, 1996) , referred to below as F F F .
It can be argued that the variable D t also affects the F F F , therefore a model accounting for the January effect on F t in a Markov switching setting can be written as
Where P h t
¢ is a (3 × 3) diagonal matrix that contains the conditional probabilities of the F F F of being in regimen h (l), I is a (3 × 3) identity matrix, Π h and Π l are (3 × 1) vectors of parameters and U t is a (3 × 1) vector of orthogonal iid disturbances.
Substituting firstly (3) in (2) and then (2) in (1) we get
An estimation of the equation (4) can be obtained by defining the auxiliary vector D * t = P h t 1D t , where 1 is a (3 × 1) vector of ones, so that a new equation is written as
with
where¯represents element-by-element Hadamard multiplication.
Notice that θ We calculate the time-varying January effect in each regime taking into account only the significant coefficients at 5% level in θ
Finally, we can calculate the total time-varying January effect simply as
The log-likelihood function with normal disturbances to be maximized is,
where
Otherwise their values are supposed zero.
Θ is a vector that brings together the parameters to be estimated and v j it is the conditional variance in state j which is assumed to follow an ARCH(1). The model is estimated in stages. First, we estimate equation (3) by equation and obtain the matrix P h t and the vectors Π h , Π l and U t . Next, we construct the vector D * t and estimate the parameters of equation (5) 
¢
, for each stock. 2 Finally, we obtain the time-varying January effect as in (6) and (7).
Data and Empirical Issues
We use a sample of monthly returns on five size portfolios from US data from January 1940 to December 2006. Call the smallest one q 1 and the largest one q 5 . 3 The data are from the Ken French's website. We use excess return on the one month T-bill.
First, let us present evidence on the January effect on the F F F (ERM, SMB, HML). We estimate equation (3), with the results presented in Table  1 . The most striking point in Table 1 is that the January effect is positive and only significant at the 5% level in the low volatility regime for ERM and SMB. However, for HML it is significant at the 5% level in both regimes. We calculate the conditional mean for the F F F as in (3) taking into account only the coefficients estimated as significant at the 5% level and we obtain that the January effect is much larger for factor HML. On average, over the sample period, the abnormal return in January is 0.72% for ERM, 0.86% for SMB and 2.33% for HML. The larger value for HML could be explained by the fact that market participants may recompose their portfolios mainly in favor of undervalued stocks in January. Table 2 shows the estimation of the parameters of equation (5). In general, we can say that, according to all the significant coefficients at the 5% level, the January effect affects all size portfolios, which contrasts with most previous evidence that found significant January effect primarily for small size portfolios. Moreover, the January effect for size portfolios is significant in both volatility regimes. Although, the number of significant coefficients is larger in low volatility regime, according to the Table 2 , the January effect is substantially larger in the high volatility regime. This result could have the following simple and logical explanation: when the volatility of stock markets is high there may be so much information and high uncertainty that turbulences might dampen the statistical significance of the January effect. By contrast, when the market is calm, statistical evidence in favor of the January effect arises more easily.
It can be also notice in Table 2 that parameters θ h i and θ l i are in most cases larger than the parameters in vectors φ h i and φ l i , which means that the individual indirect effects through the F F F seem to have a low weight in the total effect. Moreover, according to the parameters significant at the 5% level in Table 2 , most of the individual indirect effects come from factors ERM and SMB. Figure 1 shows the total January effect (λ it ) over time. In general, the effect seems fairly stable with some peaks on certain dates for some portfolios. It can be also seen that it is negatively correlated with size, as previous evidence in literature has suggested. However, in Figure 1 it is striking that the January effect may be negative in some periods, e.g. portfolio 4. Typically, the relevant literature finds a positive January effect.
Tabla 3 shows the average of the total January effect (λ it ) throughout the sample period and its decomposition across volatility regimes
For the total January effect, as mentioned above, there is negatively correlation with size. However, an inspection of the January effect across volatility regimes shows that the negative correlation with size is not so clear. In the high regime, Portfolios 1 and 2 are again the most affected, but the positions for portfolio 3 to 5 are very different. In the low volatility regime, the most affected is portfolio 3, followed by 1 and 4. Therefore, the previous evidence that relates the magnitude of the January effect with the size of portfolios is only fulfilled when a total effect is considered: once we disentangle the effect across volatility regimes that correlation fails.
Although a quick inspection of the Figure 1 suggests a stable January effect as mentioned above, we evaluate whether it is suffering a decline, as has been argued in relatively recent literature. The key year we take into account is 1983. Since the publication of the articles of Keim (1983) , Reinganum (1983) and Roll (1983) the January effect seems to have become popular, and they were in any event the first to relate the January effect with the size of firms. Therefore, we split the total sample period into two, 1940-1983 and 1984-2006 , and calculate the average of January effect for the five size portfolios across the sub-sample periods. If financial markets are efficient, after the publication of those articles the January effect should be at least expected to diminish for 1984-2006. Table 4 shows that the average of the total January effect diminishes in the second period for all size portfolios except portfolio 1, for which it is even larger. Notice that portfolios 2 and 3 feature a slight decrease in the January effect while for portfolio 4 and 5 the decrease is a little larger. The results, in general, support a decline in the January effect, albeit one that is not so noticeable as claimed by Yanxiang Gu (2003) 
Conclusions
In this article we present evidence on the January effect on stock returns across volatility regimes. We use a Markov switching model, which allows us to distinguish two volatility regimes (high and low). We have obtained a time-varying January effect that is, in general, positive and significant in both volatility regimes. Although, the number of significant coefficients is larger in the low volatility regime, the magnitude of January effect is substantially larger in the high volatility regime.
Estimations for the Fama-French factors show that the factor that reflects the book-to-market effect (HML) suffers the largest January effect, which could be related to the fact that investors may recompose portfolios in favor of undervalued stocks in January.
Our specification for size portfolios indicates that Fama-French factors indirectly convey one joint effect plus other individual effects related to each factor. Estimations reveal that the January effect is significant for all size portfolios by contrast with most previous evidence that relates the January effect with small size portfolios.
We have also found, as in previous literature, that the total January effect is negatively correlated with the size of portfolios. However, across the volatility regimes that correlation fails.
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